Portfolios and indices that have been specifically constructed to have low risk attributes have received increasing interest in the recent international literature. It has been found that portfolios constructed by targeting low risk assets have predominantly outperformed portfolios constructed to have higher risks. This anomaly has led to renewed interest in constructing low volatility portfolios by practitioners. This study analyses a variety of low volatility portfolio construction methodologies using sectors as building blocks in the South African environment. The empirical results from back-testing these portfolios show significant promise in the South African setting when compared with a market capitalization-weighted benchmark. In the empirical analysis in the South African environment two techniques stand out as being superior low volatility construction techniques amongst the seven techniques assessed. Furthermore, the low volatility portfolios are blended with typical general equity portfolios (using the Shareholder-Weighted Index (SWIX) as a proxy). It was found that these blended portfolios have useful features which lead to enhanced performance and therefore can serve as effective portfolio strategies.
Introduction
Support for the low volatility anomaly stems from the criticism of the Capital Asset Pricing Model (CAPM), which states that assets with high systematic risk are expected to earn higher expected returns, while low beta assets are expected to have lower returns [33, 40] . However, evidence of a low volatility anomaly was first discovered by Black [3] who demonstrated empirically that the security market line is flatter than predicted by the CAPM. Black pointed out that when investors are restricted from using leverage or borrowing, they tend to buy high-risk assets thereby leaving the low-risk assets under-priced. This evidence has led to an increasing interest in the formation of low volatility portfolios that not only have lower risks out-of-sample than market-cap-weighted portfolios, but also have higher risk-adjusted returns out-of-sample than market-cap-weighted portfolios.
Recently, Baker et al. [2] gave some behavioral reasons as to why some investors may create an excess demand for high-risk stocks that have historically underperformed. They also argued why investors might typically avoid buying low-risk stocks. The reasons Baker et al. [2] put forward were:
• Investors preference for lottery-like payoffs; implying that investors accept a low probability of receiving a large windfall.
• Representativeness bias, which suggests that investors prefer high-risk stocks that contain a lot of news. Hence, they buy the stock at a high price, which in turn lowers the return of the stock.
• Portfolio managers are required to beat a specific benchmark and to minimize the tracking error relative to that benchmark. Hence, they are averse to investing in low beta stocks, because of their high tracking error relative to the benchmark.
The primary objective of this study is to assess the performance of low volatility portfolios constructed from indices relative to the market capitalization-weighted indices using the FTSE/JSE sectors. The use of sectors for portfolios was motivated by Leclerc et al. [25] , who created industry-based weighting schemes in the U.S. markets. Leclerc et al. [25] named their industry-based weighting scheme Alternative Equity Indices (AEI's) which were designed as alternatives to market capitalization-weighted portfolios. Leclerc et al. [25] gave the following reasons for using sectors to construct low volatility portfolios rather than stocks: Firstly, constructing portfolios based on sectors help in overcoming the curse of dimensionality as explained by Michaud [35] . That is, the number of parameters to estimate is reduced. Secondly, even though some stock-constituent AEI's may outperform the sector-based AEI's before transaction cost, the sector-based AEI's are still considered a reasonable choice in terms of capacity, transparency, liquidity and resultant transaction costs. Lastly, sector tilts are important in explaining constituent-based stocks outperformance over the market capitalization indices.
In brief, the study involves the assessment of a range of sector-based low volatility techniques found in recent literature for constructing portfolios. These portfolios are rebalanced monthly using a 36 months rolling window to estimate the covariance matrix. Additionally, the Ledoit & Wolf [26] shrinkage covariance estimator is used to reduce the effect of errors in the sample covariance matrix. The performances of the sector-based low volatility portfolios are then compared with the ALSI (the market capitalization-weighted benchmark).
The main contributions of this article are: Firstly, different portfolio construction techniques for forming the low volatility portfolios (based on sectors) are demonstrated and assessed in the South African equity market. Secondly, the Ledoit & Wolf [26] covariance shrinkage estimator is utilised in the portfolio construction process of the portfolios. Finally, sector-based low volatility portfolios are blended (with the Shareholder-Weighted Index (SWIX)) in order to establish their usefulness as a combined portfolio strategy.
This article is organized as follows. In the first section, the literature pertinent for the study is reviewed. The second section discusses the data and methodology together with the parameter estimation (shrinkage techniques) used for constructing the covariance matrix. The third section covers the empirical results derived from the back-testing of the sectorbased low volatility portfolios. The fourth section discusses the empirical results from the blending of the sector-based low volatility portfolios with the SWIX index. Lastly, the fifth section summarizes the major conclusions in this study.
Literature review
Mean-variance optimization is a process whereby investors seek to effectively allocate investments by choosing a portfolio on the efficient frontier [31, 32, 33] . Lintner [28] and Sharpe [40] extended the work of Markowitz on portfolio selection by introducing the Capital Asset Pricing Model (CAPM), where they argued that the market capitalizationweighted portfolio is expected to be the optimal portfolio. In the same vein, Siegel [41] discussed the characteristics of an index weighted by market capitalization. He argued that the market capitalization weighting is the central principle of good index construction and gave the following reasons: Firstly, the market capitalization-weighting is the only weighting scheme consistent with the buy-and-hold strategy. Secondly, it doesnt require a portfolio to be constantly rebalanced. Thirdly, the market capitalization-weighted index is the only portfolio that is expected to be mean-variance efficient. That is, all investors should hold the market portfolio according to the CAPM. Finally, it has low turnover and transaction costs.
However, market capitalization-weighted indices suffers from various pitfalls including the underlying unrealistic assumptions of the CAPM (including homogeneous return expectations, frictionless markets, perfectly divisible assets and equal borrowing and lending rates). For example, Fama & French [15] and Roll & Ross [39] found evidence of an inefficient tradeoff of the risk-return relation of the CAPM. In addition, the market capitalization-weighted portfolio tends to suffer from concentration in the largest securities in the portfolio, such that the contribution of the smallest capitalization securities will not be felt [24, 25] . Bradfield & Kgomari [4] found evidence of high concentration in the JSE All Share Index (ALSI). They showed that a few companies that dominate the index have a high correlation with each other. Consequently, the risk of concentrated market capitalization-based portfolios tend to swamp out the effect of smaller asserts in the portfolio. Furthermore, mean-variance optimization has been shown to be associated with high estimation error which optimizers tend to gravitate towards [6, 26, 34, 35] . Small changes in the input parameters (especially estimates of expected returns) will have a significant effect on the optimal portfolio weights. Chopra & Ziemba [6] went as far as suggesting that the performance of the portfolios could be improved by assuming that all assets have the same expected returns.
More recently, low volatility portfolios have been analyzed and have shown significant outperformance when compared with market capitalization-weighted indices [1, 5, 9, 10, 18, 25] . With regards to the South Africa equity market, the first evidence of the low volatility anomaly in the South African equity market was documented by van Rensburg & Robertson [43] , where it was found that the beta of a stock is negatively related to its return. Recently, Kruger et al. [23] also found similar evidence of the low volatility anomaly using a more refined beta estimate. Furthermore, the performance of a variety of low volatility portfolios has also been assessed in out-of-period settings [21, 37] . Khuzwayo [21] for example found strong evidence in support of the low volatility anomaly in South Africa (using the Top 100 JSE stocks from 2001-2011). Khuzwayo showed that the low volatility portfolios constructed had a lower drawdown and also outperformed the market portfolio. Panulo [37] constructed risk parity portfolios and other risk-based portfolios which showed significant outperformance compared with the market capitalization-weighted index (All Share Index).
The sector-based low volatility portfolios examined in this article have been sourced from recent literature and they are: the Equally-Weighted (EW), the equal-weighted Low Beta (Lowbeta), the Minimum Variance Portfolio (MVP), the low Volatility Single Index Model (SIM), the Equal Risk Contribution (ERC), Naïve Risk Parity (NRP), and the Maximum Diversification Portfolio (MDP). 
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1/σ i MDP [7, 8] Low correlation with Volatility and other assets correlation w * = arg max To be consistent with developments in the mean-variance framework of Markowitz [31] , it is noted that all of the authors mentioned in Table 1 were concerned with low standard deviation or variance of return, rather than some other measure of risk, for example semivariance (downside risk). It is pointed out that portfolios targeting semi-variance should be the same as those targeting variance if the underlying distributions are symmetrical. Whilst low semi-variance may be an interesting metric to target, it is left to directions for further research and we thus focus on the standard deviation of returns instead in this article. As standard deviations are couched in the same units as returns, refer to annualised risk as being the annualised standard deviation of returns.
The different low volatility construction methodologies
In this section, the construction of the sector-based low volatility portfolios (as summarized in Table 1 ) is briefly discussed and their performance as reported in the literature is reviewed.
The naïve equally-weighted portfolio
The first methodology, the naïve equally-weighted portfolio (EW), assigns an equal weight to each sector. For a universe of N sectors, the EW portfolio assigns weights equally and is given by
where w i are the portfolio weights of sector i with i = 1, 2, . . . , N .
The EW technique in essence assumes that the risk and return cannot be forecasted [27] . This strategy thus helps to reduce the impact of concentration of risk by having equal weights. Thus, with the EW strategy investors are equally exposed to the smallest sectors as well as the largest sectors in the portfolio.
DeMiguel et al. [14] analyzed 7 empirical datasets of monthly returns using the U.S. small-, mid-and large-cap indices and compared the out-of-sample performance of 14 different models. They found that the benefits of optimal portfolio strategies are more than offset by estimation errors. Consequently, none of the 14 different models performed better than the naïve equal weighting strategy.
The equal-weighted low beta portfolio
The equal-weighted low beta portfolio (Lowbeta) is formed by equal weighting those sectors with the lowest 20% of betas. It is given by
where N L is the number of sectors in the Lowbeta portfolio.
The intuition for using the Lowbeta portfolio for the sectors was motivated by the works of Black [3] and Haugen & Heins [19] who showed that low-beta stocks have historically outperformed high-beta stocks. In the same vein, Frazzini & Lasse [16] and Frazzini & Pedersen [17] also found outperformance of low-beta stocks over the high-beta stocks in their betting versus beta factor strategy. Recently, Khuzwayo [21] computed low-beta versus high-beta stocks using the Top 100 JSE shares over the period 2001 to 2011 and compared their performance with the All Share Index (ALSI). He found that during the sample period, the low-beta portfolios outperformed both high-beta portfolios and the ALSI.
The minimum variance portfolio
The Minimum Variance Portfolio (MVP) is the portfolio located on the left-most position of the efficient frontier, and is made up of the least volatile joint collection of assets [10, 18] . The objective function of the MVP is to minimize total portfolio risk and is given by
where σ ij is the covariance between the returns of sectors i and j.
The MVP portfolio is considered more robust than the optimal portfolio (in mean-variance space as defined by Markowitz [31] ) because of the optimal portfolios sensitivity to inputs in the forecast return vector and the covariance matrix [6, 26, 34, 35] . Clarke et al. [10] constructed portfolios using the MVP technique and found higher realized average returns and lower risks than the market return by using shrinkage methods 1 applied to the sample covariance matrix using large-cap U.S. stocks over the periods 1968 to 2009. Jagannathan & Ma [20] also constructed MVPs by imposing weight constraints and found them equivalent to using a shrinkage estimator on the variance-covariance matrix. Kritzman et al. [22] found higher Sharpe ratios in their MVP techniques constructed relative to the EW and market capitalization-weighted indices. Similarly, Haugen & Baker [18] also showed that the MVP technique outperformed the Wilshire 5000 at a lower risk between the periods 1972 to 1989.
The low volatility single index model
The low Volatility Single Index Model (SIM) was proposed by Clarke et al. [11] . They derived an analytic solutions for the positive weights (long-only portfolios) using Sharpes single-index model [40] for their minimum variance portfolio construction. The SIM technique assumes that the only common source of risk is a single factor (the market portfolio).
Using the decomposition of an assets risk into the idiosyncratic risk and the systematic risk, [11] derived the SIM weights as
where β L is the beta-bound (threshold beta) of the long-only assets, β i is the beta of the asset to the common factor (the market), σ 2 mv is the ex-ante variance of the long-only SIM minimum variance portfolio, and σ 2 ei is the ex-ante idiosyncratic variance for asset i. The equation above suggests that the portfolio weights are highly dependent on the betas and idiosyncratic risk. However, Clarke et al. [11] argued that the idiosyncratic risk will not drive the asset out of the solution. In addition, the equation also targets those assets with betas that are lower than the long-only threshold beta (β L ). The formula for calculating β L is given by
where σ 2 m is the market variance. The method for calculating β L is to first sort the betas of sectors in ascending order, then the beta of each sector is compared with the cumulative summation term until the beta of the sector exceeds the cumulative right-hand-side (RHS) value yielding the required threshold beta.
Clarke et al. [11] compared SIM portfolios, with other low volatility portfolios using 1 000 U.S. stocks over the period 1968 to 2012 and then compared these with the market cap-italization weighted portfolio. They found that the SIM portfolio posted the lowest risk and the highest Sharpe ratios. Additionally in South Africa Khuzwayo [21] found higher Sharpe ratios for the SIM portfolios when compared with the performance of the MVP, MDP, EW portfolios as well as the ALSI 100 during the periods 2008 to 2011.
The equal risk contribution portfolio
The Equal Risk Contribution portfolio (ERC) aims to allocate risk equally among sectors. Qian [38] for example found that equities contribute over 90% of the risk of a 60/40 (equity/bond) portfolio resulting in a large concentration of risk in the portfolio. The ERC portfolios instead allocates weight to sectors by their contribution to risk and thus takes into account the correlation between the sectors in a portfolio. As a result, the ERC portfolio targets risk diversification by focusing on sectors with low volatility and low correlation with other assets [27, 29] . The ERC portfolio derived by Maillard et al. [29] computes the portfolio weights using a sequential quadratic programming as
where
is the risk contribution to the portfolio (the weights of the sectors in the portfolio multiplied by the marginal risk contribution to the portfolio).
From equation (6), the ERC portfolio will allocate higher weight to sectors that have low correlation and volatility with other sectors. Maillard et al. [29, 30] compared the EW, ERC, MDP and MVP using equity U.S. sectors. They found that all strategies, except the EW, outperformed the market capitalization portfolio with a lower volatility. They also showed that the volatility of the ERC portfolio is located between the EW portfolio and the MVP.
The naïve risk parity portfolio
In contrast to the ERC technique, the Naïve Risk Parity (NRP) technique, assumes that all sectors have the same pair-wise correlations. The optimal portfolio weights are computed analytically and can be expressed as
where σ i is the volatility of sector i. From equation (7), it follows that sectors that are more risky than others will receive a lower weight in the portfolio.
The maximum diversification portfolio
Finally, the Maximum Diversification Portfolio (MDP) technique is examined, which is constructed to maximize a diversification ratio as derived by Choueifaty & Coignard [7] .
The diversification ratio is defined as the ratio of the weighted average of volatility to the portfolio volatility and is given by
where σ i is the volatility of an individual asset and σ p is the portfolio volatility.
From the equation above, the MDP technique will rather allocate weight based on the asset's correlation with the portfolio. This suggests that the MDP portfolio will invest in sectors that are less correlated to the portfolio, which will in turn, increases the diversification ratio. Choueifaty & Coignard [7] investigated the performance of the MDP, with the EW and the MVP portfolios using constituents stocks from S&P 500 and Dow Jones EURO STOXX Large Cap indices over the period 1992-2007. They showed that the MDP produced the highest return.
Covariance matrix estimation
At the heart of the sector-based low volatility portfolio strategies is the estimation of the covariance matrix. The covariance matrix is an important input source that plays a central role in producing the optimal portfolio weights. Thus, small changes in input assumptions of the covariance matrix may imply large changes in the portfolio weights. Michaud [35] proposed using resampling methods to estimate the mean and covariance terms. Ledoit & Wolf [26] derived a shrinkage transformation on the sample covariance matrix and applied it to monthly U.S. stock data. They showed that the shrinkage estimator reduces the tracking error relative to the benchmark index. Clarke et al. On the basis of the findings of Munro & Bradfield [36] , the Ledoit & Wolf [26] Bayesian shrinkage estimator was adopted to estimate the covariance matrix in the ensuing empirical study. The Ledoit & Wolf [26] Bayesian shrinkage technique involves finding a compromise between the sample covariance matrix S and a shrinkage target (highly structured estimator F ). They found a convex linear combination of both S and F as
where µ is a shrinkage constant between 0 and 1. In the Ledoit & Wolf [26] case, the highly structured estimator used as the shrinkage target is the Constant Correlation Model.
Data and methodology
The sample data used for analysis cover the 9 FTSE/JSE sectors from January 2003 to December 2013, which were collected from Datastream.
Description of the data
The 9 FTSE/JSE sectors in the data are the Oil and Gas, Basic Materials, Consumer Goods, Health Care, Consumer Services, Telecoms, Financials, Industrials, and the Technology sectors. The monthly total return indices were adjusted for all corporate actions. Figure 1 shows the correlation matrix between the 9 sectors. From Figure 1 , it is evident that there is a high correlation between the Oil and Gas, Basic Materials, and Consumer Goods and the ALSI.
Methodology
The low volatility portfolios are rebalanced monthly over the period 2003-2013 for the sectors, assuming a trading cost of 25 basis points (bps). The general methodology follows the approach of Snopek [42] in the construction of the minimum variance portfolio. Additionally the following constraints are imposed.
• Fully invested constraint in the risky portfolio, that is that month. The entire process is then rolled forward 1 month, from t 0 = February 2003 to t 1 = January 2006. This procedure is rolled forward monthly repeatedly until the end of data period is reached, at December 2013. Additionally in the estimation period, the low volatility portfolios that will require construction by optimization are the MVP, ERC, and the MDP portfolios. The EW, Lowbeta, NRP, and SIM portfolios do not require optimization. Recalculation of the betas is, however, required for constructing both the Lowbeta and SIM portfolios. The historical betas are estimated using the standard ordinary least square estimates of the previous 36 months, where the common market factor is the ALSI. For the Lowbeta portfolio, equal weights are assigned to sector betas lower than 50th percentile beta (≤ 50%).
In-Sample period
Out-of-Sample Return Matrix
In-Sample period Out-of-Sample Return Matrix Table 3 reports the out-of-sample performance statistics for the low volatility portfolios after accounting for rebalancing cost (assumed to be 25bps) at each rebalancing date, from January 2006-December 2013. The Gini Weight measures the average sector weight concentration while the Gini Risk measures the average sector risk decomposition for the low volatility portfolios. The Gini index is a measure of dispersion using the Lorenz curve [29] . The Lorenz curve is a graphical representation of the cumulative distribution of the distribution of wealth in a society, where the statistics of interest may be the income of a population. Mathematically, the Gini index G is computed as The low volatility portfolios are also ranked from the highest Sharpe ratios to the lowest Sharpe ratios. Appendix A also depicts the evolution of the sector weights and risk contribution of each sector over the 2006-2013 test period. In addition, Appendix B shows the average sector weights and the last known weights of each sector in the low volatility portfolios.
Empirical performance
From Table 3 , it is evident that all of the portfolios outperformed the ALSI in terms of lower risk and higher Sharpe ratios. More salient is the high Sharpe ratio of the Lowbeta (0.86) and the SIM (0.78) portfolios over the period. Furthermore, the portfolios also showed a lower drawdown than the ALSI. The Lowbeta portfolio also posted the lowest drawdown of 0.31, whereas the MVP and SIM portfolio had the highest drawdown of 0.37 amongst the low volatility portfolios. Note that the SIM, and the Lowbeta had a high tracking error 4 (11%) relative to the ALSI, whereas, the ERC, NRP, MDP, MDS, and EW techniques posted a lower tracking error relative to the ALSI. Interestingly these portfolios that have been constructed on the basis of in-sample betas have preserved these low beta characteristics out-of-sample (for example the betas of the Lowbeta (0.7), MVP (0.76), and SIM (0.69) techniques were the lowest of all portfolios). As with Maillard et al. [30] Gini statistics are included in Table 3 . Regarding the interpretation of the Gini statistics, it is noted that the Gini statistic takes on the value of 1 for a perfectly concentrated portfolio and 0 for an equally-weighted one. In essence the closer to zero, the less concentrated are the weights (and risk contributions), and the closer to one, the more concentrated the weights and risks contributions are. For the Gini risks, instead of using weights, the contribution to portfolio risks is calculated instead (weights of sectors multiplied by the marginal risk contribution). Once more the Gini risk for a portfolio is proportional to its risk contribution mapped out by the Lorenz curve.
Furthermore, the Gini Weight, and Gini Risk from Table 3 suggests that:
• The Gini Weight for the ALSI had a weight of 0.49 and Gini Risk of 0.57. Basic Materials, Financials and Consumer Goods were the dominant sectors in the index while the Technology, Health care, Oil and Gas, Consumer Services and Industrials were the least dominant sectors (see Figure A. 1).
• The Gini Weights for the MVP, and SIM techniques (0.63 and 0.52) were relatively more concentrated (see Figure A. 2 and A.3), with Gini Risks of 0.63 and 0.51 respectively. This perhaps is not surprising, given that the minimum variance strategy assigns weights to low beta sectors specifically the Consumer Goods, Health care, Financials and Industrials.
• For the Lowbeta portfolio, the Gini Weight and Gini Risk (0.44 and 0.49) were lowest respectively (less concentrated). The Lowbeta portfolio is dominated by low beta sectors, thus over the sample period, Financials, Health care, Consumer goods, Consumer services, and Industrials were mostly included in the equal weight low beta portfolio (see Figure A. 8).
• The Gini Weights for the EW, ERC and NRP techniques (0, 0.10 and 0.11 respectively) have the lowest concentration. For the EW technique, all sectors were given equal weight (see Figures A.4 , A.5 and A.7).
• The Gini Weight for the MDP technique is 0.63, while its respective Gini Risk posted 0.63 which also suggests this portfolio is fairly highly concentrated (see Figure A. 6). Figure 3 depicts the out-of-sample cumulative returns of the low volatility portfolios, together with the ALSI and SWIX indices. From Figure 3 , one notices that most strategies tend to move in sync with each other. For example the EW, MDP, ERC and NRP techniques respectively are found to move together to a large degree. Importantly, all low volatility portfolios have outperformed the ALSI and the SWIX indices.
Similarly, Figure 4 depicts the risk-return positions of the low volatility portfolios, together with the ALSI and the SWIX indices. From Figure 4 , it is evident that the Lowbeta, MVP, SIM, MDP, and the ERC portfolio, posted lower risks but also higher returns over the sample period. This is similar to the results of Clarke et al. [11] , Clarke et al. [12] , Maillard et al. [29] , Choueifaty & Coignard [7] , Baker et al. [2] , Khuzwayo [21] and Velvadapu [44] who all found that low volatility portfolios have outperformed the market capitalization portfolios over time. To gain more insight into the performance of the low volatility strategies in various market regimes, the period is divided into 2 equal sub-periods, each having distinct market regimes. The first period (1 January 2006 to 31 December 2009) contained the period of the financial crises, whilst the second sub-period (1 January 2010 to 31 December 2013) characterised the market recovery period. Table 4 shows the cumulative return of each of the strategies (including the ALSI and SWIX) in each sub-period.
In sub-period 1 of Table 4 (characterized by the financial crisis) all the low volatility strategies, with the exception of the MVP strategy, outperformed both the ALSI and the SWIX. In the second sub-period (characterized by the market recovery), all of the lowvolatility strategies again outperform the ALSI and SWIX benchmarks, suggesting that the general outperformance of the low volatility strategies seem to have been consistent across market regimes. Table 4 : Out-of-sample cumulative return performance for the 2 sub-periods.
Blending of sector-based low volatility portfolios
Having assessed the performance of the low volatility portfolios under the constraint of full investment, one could imagine that active portfolio managers are unlikely to invest all their capital in these low volatility portfolios. Active managers typically have an invest style to generate active returns that they market to clients and are consequently more likely to want to enhance their risk-return performance by tilting towards low volatility portfolios, rather than to invest fully in them.
The blended portfolios are constructed by taking a combination of X% in the SWIX index (1 − X)% in the low volatility portfolios. The SWIX index is chosen as a proxy for typical general equity portfolios. The SWIX was selected as it is closer to typical general equity portfolios, having a lower tracking error to the peer mean of general equity unit trusts, than the ALSI has. Empirical results of these blended portfolios are included for investing a limited range of scenarios, of 10%, 40%, and 50% in the low volatility portfolios, while respectively investing 90%, 60%, and 50% in the SWIX index. These blends were chosen on an ad hoc basis noting that it is unlikely that professional fund managers would allocate more than 50% of the low volatility strategy to their existing strategies For the select strategies (SIM and Lowbeta) a more comprehensive range of investment scenarios (blends) are considered.
Figures 5, 6 and 7 depict the risk return analysis of the 50-50, 40-60, and 10-90 blended portfolios and the SWIX. The MVP, SIM, ERC, NRP, EW, MDP, Lowbeta portfolios are appended with its respective blends (for example, MVP50.50 denotes the minimum variance portfolio blended with the SWIX). Whilst it is obvious that blending the SWIX with the low volatility portfolios will result in blended portfolios having superior returns and risks than the SWIX (because the SWIX has lower returns and higher risks than the low volatility portfolios), it is nevertheless shown that the positions of these returns in return-risk space to highlight the sorts of advantages that are achievable through blending.
The degree of outperformance achievable by combining the low volatility portfolios with a typical general equity portfolio as proxied by the SWIX can be established from Figures  5, 6 and 7. The Lowbeta and SIM blended portfolios posted the highest return-to-risk ratios. Table 5 depicts the descriptive statistics of the blended portfolios.
From Table 5 , it follows that the Lowb50:50, SIM50:50, Lowb40:60, and SIM40:60 produced the highest Annualised Sharpe Ratio (1.306, 1.281, 1.261, and 1.243 respectively). Furthermore, they also produced the lowest drawdown when compared with the other blended portfolios. Looking at the performance of the Lowbeta and the SIM blended portfolios, Figure 8 depicts the out-of-sample cumulative returns, together with the SWIX index. From Figure 8 , it is evident that the blended portfolios have all outperformed the SWIX index. In addition, one notices that the SIM50:50, Lowb50:50, SIM40:60, and the Lowb40.60 tends to move in sync with each other over the sample period. To establish how the blended portfolios perform across the entire range of possible investment allocations, it is once more focused on the SIM and Lowbeta strategies. Table 6 depicts the proportion of Lowbeta and SIM low volatility portfolios across a more complete range of blended scenarios, together with their annualised risks. Similarly, the annualised standard deviation is also plotted against the blended proportions invested in the SIM and the Lowbeta portfolios separately in Figure 9 . Table 6 : Annualised risk of the SIM and Lowbeta blended portfolios
From Table 6 and Figure 9 it is evident that a move away from the SWIX towards a larger proportion of the SIM and Lowbeta portfolios in the blended portfolios, the risk of the blended portfolios reduce to a point where a minimum risk combination exists between the SWIX and low volatility blend. The risk of the blend turns out to be lower than either the risk of the SWIX or the low volatility portfolio in a region around the minimum risk combination. This occurs because the correlation and variance conditions of the SWIX and low volatility strategy portfolio is favourable for risk reduction beyond either risk of the two portfolios. Ultimately as one moves towards a 100% allocation in the low volatility strategy, risk again begins to increase as one moves beyond the minimum risk point. One could therefore conclude that for the SIM portfolio, the least annualised risk occurs approximately at the SIM55:45, SIM60:40, and the SIM65:35 blended portfolios. In the same vein, for the Lowbeta portfolio, the lowest annualised risk occurs when investing in the Lowb55.45 blend, and starts to increase again as one moves towards the Lowbeta90:10 blend.
Conclusion
In this article, seven low-volatility construction techniques were assessed using sectors as building blocks in South African markets. These portfolios were rebalanced annually and their performances were compared with a market capitalization-weighted index (ALSI). The performance of the low volatility portfolios was discussed, blended with the SWIX index to assess their usefulness as effective combined portfolio strategies. From the results it follows that 1. all the sector-based low volatility portfolios outperformed the ALSI at significantly lower risk, resulting in higher risk-adjusted returns, 2. the low-volatility portfolios posted a lower drawdown when compared with the ALSI, which implies that they can recover from losses quicker than the ALSI, and 3. blending low-volatility portfolios with typical market-capitalization weighted portfolios can serve as realistic and effective portfolio strategies.
Notably, it was evident that the Lowbeta and SIM portfolios have consistently been the superior performers of the low volatility portfolios throughout the sample period. It was also demonstrated that the benefit of the resulting low volatility portfolios could further enhance performance of typical portfolios such as the SWIX when such typical portfolios were blended with low volatility portfolios. It is thus recommended that either of these two low-volatility strategies be utilised in practice for constructing low-volatility portfolios in the South African environment.
Appendix A: Evolution of FTSE/JSE sector weights and risk contributions 
